Abstract-This paper presents a co-simulation based approach to implement and validate advanced battery storage control modes in OpenDSS that replicate behavior of a utility scale vanadium red-ox flow battery (VRFB). Inverter-interfaced utiliyscale battery storage systems (BSS) have modes of operation to facilitate multiple grid-support functions. In order to enable accurate understanding of the impacts from grid-support functions modes of operation it is required to develop validated models that replicates behavior of the actual control system. This paper presents the pseudo code for the implemented control schemes including peak shaving and capacity firming control modes. Additionally, this paper also provides insight on convergence sensitivity of the presented algorithms to related parameters. The results obtained from simulation studies will be compared against field operated utility-scale BSS measurements to verify the implemented algorithms.
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I. INTRODUCTION
While renewable generation is growing rapidly in recent years, large-scale integration of these resources into power systems is challenging due to its inherent variability [1] . The utility-scale battery is an apt solution for mitigating the impact of intermittency inherent to renewable resources and for enabling dispatchability. Due to four quadrant operation capabilities and fast response times, utility-scale BES can provide multiple grid services for distribution system feeders to enhance grid flexibility and reliability [2] [3] . Up until 2012, global cumulative installed storage capacity was less than 0.35 GW. Economy of scale and technological breakthroughs and the drive towards green energy has resulted in significant reduction in costs associated with BSS deployment [4] . For these reasons, the market for storage solutions has exploded in recent years. By 2024 the installed capacity in California alone could exceed 1.6 GW [5] . Utility scale battery installations constitute 43% of the total installed capacity in the year 2017 [6] . As utility scale storage technologies are still relatively new, utilities are yet to fully understand how different modes of battery operation would impact the distribution system.
In March 2017, Utility San Diego Gas and Electric (SDG&E) and Sumitomo Electric (SEI) initiated a 2MW/8MWh vanadium red-ox flow battery storage pilot project in California. The aim of this pilot deployment is to identify how large scale storage solutions can reliably integrate renewable energy and improve flexibility in grid management [7] [8] .
The National Renewable Energy Laboratory (NREL) collaborated with Sumitomo Electric to provide research support in modeling and optimally dispatching a utility-scale VRFB energy storage. Algorithms have been developed that mimic the behavior of the flow battery under various modes of operation. The algorithms presented in this paper are generic and can be used for other BSSs.
This paper is structured as follows: Section II gives an overview of VRFB's modes of operation, as well as the pseudo code for the implemented algorithms. Section III details the parameters set for the field test as well as the simulation run. Additionally, it details the method that was used to reconstruct the net load profile for the simulation run. A brief overview of the simulation setup is also provided. in Section IV, the results from simulation, field test and convergence sensitivity analysis are presented. In the final section concludes based on the presented results.
II. PROBLEM FORMULATION
The test distribution feeder as well as all other active elements such as capacitors, PV systems loads and transformers have been modeled in a distribution system analysis tool, OpenDSS [9] . Sumitomo Electric's 2MW/8MWh utility-scale flow battery system has been modeled using the OpenDSS's built-in 'storage' object shown in Figure 1 .
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Fig. 1: Inbuilt OpenDSS storage model
OpenDSS also has its own 'storage controller' module, but the modes of operation are limited and do not mimic the behavior of the battery under test. For this reason, base loading/ peak shaving and capacity firming algorithms have been implemented in python. Both algorithms are iterative and converge to the steady state solution. This section defines the implemented control schemes and presents the pseudo code for both implementations.
A. Base loading and peak shaving (BLPS)
Base loading / peak shaving is a technique that is used to 'flatten' the load profile by either charging during light load conditions or discharging during peak laod conditions. The storage will discharge power into the grid if power demand at the measured point P ref is greater than the peak shaving limit P ps . Inversely, the BSS will charge if the load consumption at the measured point is lower than the base-loading limit P bl . This mode of operation is used to mitigate use of peaking generators as well as deferring large investments required for system upgrade. Algorithm 1 presents the pseudo code for the BLPS algorithm.
B. Capacity firming
The basic principle behind capacity firming is improving power quality by limiting the rate of change in active power ∆P ref at the measurement point, which is the feeder head in this case. When the active power change at the feeder head violates the pre-defined threshold, the battery charges or discharges with an opposite ∆P batt to cancel out the excessive ramp rate. Once the ramp rate is managed, the output of the battery ramps down to zero and is set to idle mode. In this fashion, the usage of the battery energy is guaranteed to be minimal. The effect of this is that power transitions at the regulated point will smooth, thus improving power quality. Algorithm 2 provides pseudo code for the capacity firming algorithm.
III. FIELD VALIDATION

A. Net load profile reconstruction
To validate the implemented algorithms active power measurements have been made at the feeder head (P 
As change in distribution system losses is much less compared to both feeder head active power and battery output they can be neglected. Net active power can hence be approximated as the sum of the feeder head measurement and the BSS's pcc measurement (Equation 2 and 3). 
In the final step, the net load profile is normalized by the historic peak load value. max(
in this paper is 6.2 GW. Once net active power is normalized, it can be used as the load profile for all connected loads.
B. Simulation Setup
The distribution feeder and the accompanying active elements (capacitors, transformers etc.) and their controllers have been implemented in OpenDSS [9] . The high level control modes for battery storage listed in the previous subsections have been implemented using Python [10] ; a high level open source programming language. A directDLL interface provided by OpenDSS has been used to facilitate communication between the OpenDSS engine and Python. The load and PV profiles saved in Comma Separated Vector format (.CSV) are accessed directly by OpenDSS engine.
IV. RESULTS AND DISCUSSION
This section compares the simulation results with the field data for both algorithms implemented in Python. In the final subsection results of the sensitivity analysis have been presented and discussed.
A. Base loading and peak shaving (BLPS)
Peak shaving was enabled on September 13th, 2017 starting at 10am, with 3300 kW and 3400 kW as P bl and P ps respectively. For an identical net load profile ( − − → P net ) and battery inverter settings, simulation was used to validate the proposed algorithm. Figure 2 presents the simulation results as well as results measured on the field. Table I . 
B. Capacity firming
The Sumitomo battery was operated in capacity firming mode for an entire day. Figure 4 compares the simulation results with actual field data in September 2017. Ramp limits ∆P u cf and ∆P l cf were set at +40 and -40 kW/min respectively. Due to low solar intermittance on the particular day battery utilization is low. The violin plot in Figure 6 shows that although the BSS's controller does manage to mitigate variability, there are still instances where the variability violated the prescribed bounds considerably ( Figure 5 ). Three factors that contribute to these violations are:
• Error pertaining to sensing in the measurement device.
• Neglecting the impact of distribution system losses can potentially introduce a small systematic error in the control scheme.
• The fact that unlike in simulation, the battery controller always lags behind the actual state of the system, due to the delays in recording and transmission of measurements at the feeder head.
C. Impact of varying the damping factor
Slope of a semi log graph has been used to calculate average decay (convergence) rate λ using Equation 5. Figure 7 and 8 shown the impact of varying damping factor η on BLPS algorithm. Although the initial decay rate is higher for higher values of η, for the given use-case, average decay rate λ decreases from 0.77 to 0.31 kW/itr after the first iteration. From Figures 9 and 10 it can be seen that unlike BLPS algorithm, the convergence rate λ is consistently lower for lower values of damping factor η. For the simulated use-case, as η goes from 0.8 to 0.2, the convergence rate drops from 0.978 to 0.143 kW/itr. Although using larger values for the damping coefficient results in faster convergence in both cases, for highly intermittent days large values of η might cause the algorithm to diverge. For this reason it is essential that value of the damping factor is chosen correctly before the simulation is run.
V. CONCLUSIONS This paper describes implementation of two control algorithms for utility scale battery storage solutions. The two algorithms (base loading / peak shaving and capacity firming) have been developed in Python and interface with builtin OpenDSS storage model using the DirectDLL interface OpenDSS provides. The implementations have been validated using the 2 MW / 8 MWh red-ox flow battery. The results presented in this paper show that the implemented algorithms mimic the behavior of the actual battery storage system very closely. In the final section sensitivity of algorithm convergence to the damping constant has also been discussed.
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